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Moore’s Law
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End of Dimensional Scaling!
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Is this the end of the Semiconductor Industry?
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The Fourth Industrial Revolution!

¥ IEEE

What is the
Fourth Industrial
Revolution?

Industry 1.0 Industry 2.0 Industry 3.0 Industry 4.0
Steam Electricity Computing Cyber-Physical Systems
Artificial Intelligence Augmented reality
Machine Learning Cyber physical systems

Autonomous agents and swarms 1 Trillion IoT devices? Georgia &
Tech




Artificial Intelligence & Machine Learning!
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What led to this boom?
By 2010, CMOS became powerful enough that machine learning
techniques especially deep neural networks (DNNs) could be
deployed at relevant scales




Can we achieve these capabilities at scale?
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How much Silicon do we need to sustain?
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Hilbert et al. Science 332 (2011) 60-65

Total Silicon needed in 2040 at least 10! kg
Projected annual global supply of Silicon wafers: 107 — 102 kg in 2040
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Brain vs. Traditional Computers

"N X Neuron Cell
Body

,?xon Synapse

S Semiconductor

Pre-synaptic jr
Neuron (\Q%K)U/é L Channel ]

: % o~
Post—synaptlc/z?/y/) (\Q
d\

Neuron

CMOS Transistors are not

; I Georgia
neuron-synapse analogues. Te%h &




For example: CMOS Neurons
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CMOS Transistors are not efficient when
it comes to performing Al
specific/neuromorphic tasks!

Indiveri et al. ISCAS 2003
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Scaling, Hyper-scaling and Computing

End of Dimensional Scaling Rise of Data Abundant
Computing

ooooooooooooo

5 nm -
In-memory computing
)

(mmi?)

Number of transistors

Functional augmentation of electronics through
device and materials engineering is required!

| ' |
Sub-Boltzmann Embedded Non-von Neumann/
Logic Transistor Memory Neuromorphic

. . Georgia
Salahuddin, Datta. Nature Electronics 2018 Tech




Semiconductor Industry and Computing

hardware: NeW

opportunities for
semiconductor companies

By Gaurav Batra, Zach Jacobson, Siddarth Madhav, Andrea Queirolo, and Nick Santhanam

“Al could allow semiconductor companies to capture 40 to 50 percent
of total value from the technology stack, representing the best
opportunity they ve had in decades.”

Historically the fraction has been 10-20% for the semiconductor

industry! _
https://www.mckinsey.com/industries/semiconductors/our-insights/artificial- Georgla

intelligence-hardware-new-opportunities-for-semiconductor-companies. -rech




What do we do?

Advanced Computing Systems

Advanced Devices and Materials
With New Physics




The workhouse: The Transistor

Engineering the MOSFET structure (strain, HKMG, FinFET, NW
etc.) has been crucial in augmenting the performance.

Gate metal
High K

gate oxide
IL

Si Fin
Sio,

Vv

— Linear Dielectric

Charge
#

But all told, .
The gate oxide in MOSFETs E.|ECtI’IC
has been a simple linear Field

dielectric!
Amorphous HfO,/ZrO,
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Ferroelectricity and Antiferroelectricity

Functional augmentation of Transistor by replacing the high-K

with a FE/AFE Gate oxide (non-linear dielectric)!
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Ferroelectricity and Antiferroelectricity

Why is a drop-in replacement possible? Standard high-K oxides: HfO,
and ZrO, and their alloyed variants can become FE and AFE.

HfO, and its alloyed variants
Boscke et al. IEDM 2011
Muller et al. Nano Lett. 2012

ZrO, and its alloyed variants

Muller et al. Nano Lett. 2012
Wang et al. APL 2018

Ferroelectric — Antiferroelectric
Charge = Charge
Double Hysteresis Loop
T—— Single Hysteresis Loop ‘
> ! an
| Field Field
..-4--?"/
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Ferroelectric Oxides

Classical Ferroelectric
PbTiO; , BaTiO;etc.

Emerging CMOS

compatible Ferroelectrics:
Doped HfO,

A ferroelectricis an insulator with a Voltage, V
spontaneous polarization, which can be
switched by an above coercive voltage. Georgia&

Tech




Ferroelectric Transistors

Ferrroelectric Transistors (FEFET): Gate oxide stack includes a FE oxide
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High V, state
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A ferroelectric transistor is a hysteretic device.
Georgia &
Tech |




Ferroelectricity and Antiferroelectricity

In similar device
structures, FE/AFE-FETs
can lead to functional
diversification.
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Example 1: Coupled Oscillatory Systems

A Coupled Oscillator System A Ferroelectric Oscillator System
LYV ik aing
: ESHA
1 X 77*"' \a forcinginput
°* Computationally Hard Problems
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https://upload.wikimedia.org/wikipedia/commons/4 /4
3/Coupled_oscillators.gif

Shukla et al. Sci. Rep. 2014

Synchronization dynamics in coupled oscillatory  reppenstesatetal paL 198
system can be utilized to solve computationally

hard problems! Georgia
Tech




Dynamics of Ferroelectric Oscillator
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Z. Wang et al. IEEE Electron Device Lett. vol. 38, no. 11, pp. 1614—1617,20d7 " Tech ||
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Dynamics of Ferroelectric Oscillator

V,,=0.4V
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0

A

t Georgia

Z.. Wang et al. [EEE Electron Device Lett. vol. 38, no. 11, pp. 1614-1617,2017. Tech
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Dynamics of Ferroelectric Oscillator

V_,=0.4V
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abrupt transition
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B’ t Ceorgia
7. Wang et al. [EEFE Electron Device Lett. vol. 38, no. 11, pp. 1614—1617. 2007 Teckh
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Dynamics of Ferroelectric Oscillator

V_,=0.4V

D|D

035 04

0.25

>
No stable statesinthe ~"Vol/- - > |
abrupt transition

region between C and C’ A

t Ceorgia
7. Wang et al. [EEFE Electron Device Lett. vol. 38, no. 11, pp. 1614—1617. 2007 Teckh

A

f



Dynamics of Ferroelectric Oscillator
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Dynamics of Ferroelectric Oscillator

V_,=0.4V

Proper design of FEFET
hysteresis leads to
sustained oscillation

olA

t Ceorgia
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Z. Wang et al. IEEE Electron Device Lett. vol. 38, no. 11, pp. 1614—1617,20d7 " Tech ||




Dynamics of Ferroelectric Oscillator
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Ferroelectric Oscillator
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Gate voltages can be used to control oscillations!
weorgia
Z. Wang et al. IEEE Electron Device Lett. vol. 38. no. 11, pp. 1614-1617,2017. Tech @I




Coupled Ferroelectric Oscillator

__________________________________
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Synchronization dynamics can be utilized to solve hard problems.
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Experimental Ferroelectric Oscillator

10° |
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Abrupt transitions in externally connected
FEFET are the key!
Georgia
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Experimental Ferroelectric Oscillator
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Experimental Ferroelectric Oscillator

_____________________

No oscillations are observed with R=100 k(.
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Experimental Coupled Ferroelectric Oscillator
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Example 2: Spiking Neurons

Excitatory Excitatory Input Excitatory Input
I I I LI e ey

Input L
P Inhibitory Input Inhibitory Input

-
bi I

Inhibitory ¢ Al

Input
Threshold Threshold N

~

A -

Action
Potential

Na*
Excitatory h h h t t M\T\N\
(GLU) | Neuron

Chemical
Concentration

Neuron

L inhibiton g‘ ”
E

[ |nh|b|t0ry A No Firing Firin Firin
cr . rinng, g
S i Resting
(GABA) c 8 | Resting '
g $ | Potential Potential
. l U
o
Time Time

Biology: Inhibition required for regulation in activation of
excitatory neurons; homeostasis.

Bio-inspired computing: High accuracy in unsupervised
learning. Georgia &

Tech




Ferroelectric Spiking Neurons

Ferroelectric Oscillator Ferroelectric Spiking Neuron
Voo Vip
IDl Inhibitory IDFl
D i‘iUt Vir 5
y ‘\ v J j—\i\
VGF S j)s S \(/)C
I e i {>O—Output
. RIC— o f | c—— Vol\t/age
E E \ . 0
;vac:g:fk | Excitatory\VGM l/DM > Discharge
| | Input Leaky _1°— L FET
- = Integrator = -

_____________________

R replaced with a MOSFET; Leaky Integrator Added

Georgia &
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Ferroelectric Spiking Neurons

Voo
Excitatory Input V, Excitatory Input V,
Inhibitory /l [ I I L et
Input Ve, a Inhibitory Input V/ Inhibitory Input V
. f ? }k P [
Ve . N
S \(/)C A  NoFiring NF?:::;” Inhibition Fei;::;n
Output 20 i i i Ve
J o — Voltage { T
VO Resting Resting
Excitatory\VGM lIDM ™ Discharge Potential _ Potential |
Input Leaky _I° L FET Time Time
Integrator = -

1FEFET-1T circuit primitive for neuron
with both excitatory and inhibitory inputs

Georgia
Tec
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FE Spiking Neuron

Circuit Diagram Experimental Set-up
_VEL Ferroelectric
Pb(Zr,,Tiy;)0, Vo,
(100 nm)
e Inhibitory
Inhibitory / Leaky
Input Vi DFl Input, V; O |ntegrator
%_ D Source
I Bottom Electrode
‘ N s v, SrRuO,
Vo Substrate
>0 SrTio,
(T% j \ c——
- Output
_ Excitatory Leak
Excitatory Vo lID’V’ Input, V, ©7 Integra¥or v, Voltage
Input B ? v

LI: Leaky Integrator

P

such a cumbersome -~ — = =

setup actually
worked!)

] ) Input p
(It is amazingthat  voltage * RZ C,—
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First demonstration of a ferroelectric neuron

_VDD 4 Excitatory Input V, 'T=32ms
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A/Tran5|stor 15 | ! | R=56 KO C'=33 uF
' ' ' L2 T ! 1 1 ' ‘ i y
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[>0— 2 o8
I C— 0.7 Neuron
?_ Inhibited
Excitatory Veu l’DM 08/
InpUt _— - 0'5: | " } } + } . f—— ! }
e = 1 -Digital Output
0.5 ‘MVOIt‘ager Vn . IL J | .| Il ! . ! | | : : .
Z. Wang et al' IEDM 2018 0 0 0.2 0.4 0.6 0.8 1 1.2 14 1.6 1.8 2
Z. Wang et al. EDL 2017 Time ()

Fan et al. EDL 2019

research highlights

Ferroelectric spiking neurons 1 y
2018 IEEE Int. Electron Devizs Meet%in the press) e eCtronlcs

Brain-like computation using artificial ( PAONRS) )
neural networks (ANNSs) could provide
improved energy efficiency when compared

The first demonstration of
an artificial neuron with
integrated inhibitory and
excitatory input!

nature
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Burst Mode and Inhibition

VDD

Inhibitory [
Input Ve l

gl S
?_Iﬂ cC——

Excitatory  Veu lIDM
Input [ M

A large excitatory
pulse generatesa
chirped spiking
output, which can be
inhibited by a large
inhibitory pulse.

O |— 11V Excitatory Input V, |

8 7 «>3ms l _
o Inhibitory Input V.
1.2/ V,,=33V R =1kQ R =1kQ
1 R,,=560 kQ R =560 kQ
_08 C,=10uF C, =33 uF |
o 0.4 . | | | euron .utput otage, N
~ g : l < 3ms Excitatory Input V, -
25/ L .
15| 1—’[;&13:“\; Inhibitory Input V; -
12 Neuron '
1 Inhibited |
0.8 .
0.6 .
0.4 Neuron Output Voltage, V,,
0 02 04 06 08 1
Time (s)

research highlights

Ferroelectric spiking neurons
2018 IEEE Int. Electron Devices Meet. (in the press)

nature

electronics

Brain-like computation using artificial ( 2019 )
neural networks (ANNs) could provide
improved energy efficiency when compared




Why new devices?

CMOQOS Neuron Ferroelectric Neuron
P Vdd X(Ii:dl T VDD
wislp—"Tp -
(Dl""‘ Vacap G .
s v p—— Inhibitory IDFl
I Input Ve
| Voen g_ D
[hoss[]acao —LC [ s j
S V
T ‘ (e
Output
1 J c—— Voltage
anizo %ca_,ﬂi E} ?_ & | ~ | Y
. w1 i vV / > Discharge
L T I Exmtatory\ GM lDM g
Input Leaky _1* 1 FET
Integrator — -

Indiveri et al. ISCAS 2003
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Ferroelectric Spiking Neural Network Simulation
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Classification accuracy of 93% on MNIST dataset

at ~150,000 cycles




First demonstration of a ferroelectric neuron

Indiveri
ISCAS 2003

Amravati
ISSCC 2018

Jerry et al.
VLSI 2017

Technology |CMOS Analog, Mixed Signal Emerging Technology
Multiply-
Neuron Type LIF Accumulate LIF LIF
Network Type Spiking Non-spiking Spiking Spiking
Data Multi-level
Encoding | Spike Timing Spiking Rate | Spike Timing
: perceptron
Architecture
Input Type Excitatory Excitatory Excitatory |Excit. & Inhib.
Device Count 15T 64T 1T-1VO, KIEREa=d1
Synapse
Weight Pos. & Neg. | Pos. & Neg. | Pos. & Neg. Pos.
Tralr.n.ng & Unsupervised [Reinforcement] Supervised [Unsupervised
Classification
Power 10 nW 125 nW Not reported 3.6 nW
Georgia
Tec
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Ferroelectric Neuromorphic FET

Ferroelectric Oxide
— Hysteresis

& Non-volatility

— Plasticity

\//\\] — Stochasticity

Charge ——

Energy —

Ferroelectric materials have
wide range of interesting

dynamical properties!

Georgia
Tec
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Ferroelectric Neuromorphic FET

Ferroelectric Oxide Ferroelectric FET {VD
VG
VB

— Hysteresis
& Non-volatility Gain—

— Plasticity

Polymorphism—

\//\\] — Stochasticity
Circuit
Configurability e

Charge ——

Energy —

Ferroelectric FETs can enable S~ Neurons
f & Synapseg

different neuromorphic functions and
non-von Neumann systems. Georgia &
Tech




Family of Neuromorphic FEFET Circuits

Coupled Oscillatory Systems and Neurons

——————————————————————————————————

/| Oscillator 1 Oscillator 2
ST y Coupling T ’ 1
% oo | b0 Capacitor C, ~ "o° |
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_________________________________

Deep Neural Network
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layer2 .Y K PP = S | 2] 9 %
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= |8 i
= :
Output ni =39,V =29,V
e .00 0 || .

Bit Line Peripherals

Synaptic Dynamics

V Short term plasticity

Nonvolatile Finite State

Machines
VD"
V, Logic 00/1 10/1 00/1
¢ 11/1 11/1
Vout.—
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New CMOS Compatible Ferroelectrics

New class of ferroelectric materials have emerged
which can be introduced in commercial fabs!

SAMSUNG tel) e S

K hynlx Commercial Fabs!

g XW a ') NORTHROP GRUMMAN
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Semiconductor Industry and Computing

hardware: NeW

opportunities for
semiconductor companies

By Gaurav Batra, Zach Jacobson, Siddarth Madhav, Andrea Queirolo, and Nick Santhanam

“Al could allow semiconductor companies to capture 40 to 50 percent
of total value from the technology stack, representing the best
opportunity they ve had in decades.”

Historically the fraction has been 10-20% for the semiconductor

industry! _
https://www.mckinsey.com/industries/semiconductors/our-insights/artificial- Georgla

intelligence-hardware-new-opportunities-for-semiconductor-companies. -rech
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